Two sets of forecast-analysis cycle experiments were performed with and without direct assimilation of precipitation amounts using JMA mesoscale four-dimensional variational data assimilation system (Meso4D-Var). With a devised cost function of precipitation observation, which is derived from the exponential distribution, Meso 4D-Var successfully assimilated precipitation data in various weather situations throughout a one-month experiment period. The result of experiments shows that the precipitation assimilation by Meso 4D-Var improves the model forecasts of both weak and moderate precipitation and it ameliorates a spin-up problem of the model precipitation.
Introduction
One of the most important targets of mesoscale numerical weather prediction (NWP) is precise prediction of heavy rainfalls. The Japan Meteorological Agency (JMA) has been operating a mesoscale model (MSM) with horizontal resolution of about 10km to forecast mesoscale events over the Japan Islands (JMA 2002) . Since it is widely known that accuracy of short-range NWP is largely affected by accuracy of the initial condition, JMA implemented a mesoscale four-dimensional variational assimilation system (Meso 4D-Var) to prepare the initial condition for MSM in place of the previous system using an optimum interpolation scheme. The introduction of Meso 4D-Var has improved MSM forecasts of both synoptic-scale atmospheric flow and sub-synoptic-scale precipitation distribution (Ishikawa et al. 2005) .
Although a physical initialization scheme (Matsumura et al. 1997) or a three-dimensional variational scheme (Treadon et al. 2002) have been employed operationally to assimilate precipitation data in several NWP centers, 4D-Var methods have an advantage in that it makes possible direct assimilation of precipitation amount. It makes atmospheric initial fields (wind, temperature and moisture distribution) consistent with observed precipitation, and hence, it is expected to improve the precipitation forecast. However, while many works were made for precipitation assimilation in a 4D-Var context (e.g., Zupanski and Mesinger 1995; Zou and Kuo 1996) , hardly found is a paper about the precipitation assimilation with an operational 4D-Var system. It has not been well known whether the direct precipitation assimilation by a 4D-Var method works well for various kinds of precipitation systems in the operational setting.
In this paper, forecast-analysis cycle experiments with and without precipitation assimilation are presented. Section 2 provides specifications of MSM and Meso 4D-Var. The design of parallel experiment and the data used in the experiment is described in Section 3. Section 4 gives the results of the experiment and Section 5 contains concluding remarks.
Model and assimilation system

Model
The MSM in this research is a hydrostatic spectral model, with a horizontal resolution of 10 km and 40 vertical levels up to 10 hPa. It has been making 18-hour forecasts four times a day (00, 06, 12 and 18 UTC initial) to assist forecasters in issuing weather warnings. The model domain covers the Japan Islands and surrounding areas (Fig. 1) . The lateral boundary condition is provided by the regional spectral model (RSM), which has a horizontal resolution of 20 km and runs from the initial conditions at 00 and 12 UTC. The MSM contains three types of precipitation schemes; a large-scale condensation scheme, a moist convective adjustment scheme for mid-level convection and a prognostic ArakawaSchubert scheme for deep cumulus convection.
Operational configuration for Meso 4D-Var
Since it is required for the MSM to provide its forecasts within one hour and half from the initial time, computational time available for Meso 4D-Var is very short. Therefore, in order to reduce the computational time, an incremental method is introduced: that means that the resolution of the model in the 4D-Var calculation is reduced to 20km. The adjoint model has the same dynamical process as the forecast model but has only a few physical processes: simplified vertical diffusion, simplified long-wave radiation, grid-scale condensation and moist convective adjustment.
The assimilation window is set to three hours. All observational data are treated as observed hourly for the convenience of data handling, hence all data between 30 and +29 minutes to the clock time are regarded as observations at the clock time.
The following data are assimilated operationally: temperature, wind and relative humidity from radiosondes, surface pressure from land surface stations, ships and buoys, temperature and wind from aircraft, wind from wind-profilers, precipitation amount from radar-AMeDAS, atmospheric motion wind from geostationary meteorological satellites, temperature from TIROS 2 Operational Vertical Sounder (TOVS) of NOAA satellites 3 retrieved by National Environmental Satellite Data and Information Service.
Devisal of observation cost function for precipitation amount
Usually in 4D-Var assimilation methods, an observation term in the cost function is formulated as (y Hx)
T R 1 (y Hx). Here, y is observation, x control variable, H observation operator and R observation error covariance matrix. In the formulation it is assumed that the probability distribution of observation error shows Gaussian distribution. However, since the precipitation amount has quite different error probability distribution, the Gaussian type cost-function is not appropriate. Figure 2(b) shows the scatter diagram of first-guess values of one-hour precipitation and departures of observation from first-guess. It is not symmetrically distributed around zero as in the case of temperature at 500hPa ( Fig.2 (a) ).
While the observation error in the variational method is defined as follows:
(1) Fig. 2(b) is made from observation (y) and first-guess (Hxg). Hence it does not show the observational error only, but also contribution from the background error (H(xg xt)). However, from operational experiences, we reasonably assume that the non-Gaussian property shown in Fig. 2(b) comes not only from the contribution from background error but also from the observational error.
With the observation error having such nonGaussian property as shown in Fig. 2(b) , a Gaussian-type cost function is inappropriate for precipitation amount, because it has a constant error covariance value while Fig. 2(b) suggests that the error covariance value varies with the observed value. Empirically, with a Gaussiantype cost function with a small constant error covariance like 1 mm, even though precipitation distribution within the assimilation window can show good agreement with observations, the improvement on the precipitation forecasts is very small. On the other hand, employing a large constant error covariance like 10 mm, small rain areas in the observation make almost no contribution to the analysis and again the improvement on the precipitation forecasts is small.
For Meso 4D-Var the cost-function for precipitation amount is devised as follows. First, probability distribution of precipitation is assumed to follow the exponential distribution:
where y denotes an observed value and x denotes a true model state. p(y|x) is conditional probability of y with 2 Television and InfraRed Observation Satellite 3 Operational polar orbiting satellites launched by National Oceanic and Atmospheric Administration condition x given. It is assumed in the formulation that the expectation value of y is equal to x. Then the observation cost function of precipitation Jrain can be derived from the probability distribution function according to the maximum likelihood method as:
Even though the introduction of this formulation is mathematical, it is not appropriate to be used in a 4D-Var method, because the minimization algorithm in the 4D-var requires the gradient of the cost function and the gradient of (3) becomes too large when x approaches to zero. As it is generally more preferable that the cost function has a quadratic form for the stability of minimizing process, Taylor expansion of the above function is applied to (3) around its minimum point (x=y) providing,
Truncated at the second order of (x-y), the function becomes Gaussian type with the observation error equal to y. The function (4) is symmetric around its minimum point while the original cost function (3) is not (Fig. 3) , that means that the observation error is assumed smaller in the case of x<y than in the case of x>y. This asymmetricity is also suggested from Fig. 2(b) . Considering the asymmetricity, the following practical configuration (Jrain_meso4DVAR ) was employed for the cost function of precipitation amount:
where 3 .
When y<1mm, rc is a constant value of standard deviation of departure (observation minus first guess) previously calculated for the observational data less than 1mm in order to avoid singularity caused by small value of r, otherwise rc is proportional to observed precipitation amount. The value r is three times larger when x>y than vice versa to put asymmetricity to the cost function. The ratio (e.g., "3") was arbitrarily determined after some trials.
Experiment design and data
Forecast-analysis cycles were performed during onemonth period of June 2001 with and without precipitation amount data. Eighteen-hour forecasts were made four times a day at 00, 06, 12 and 18 UTC throughout the experiment period. The number of forecasts is 120 for each cycle.
The precipitation amount data used in the experiment was prepared as follows. The JMA has 20 operational C-band radars and about 1,300 automatic surface weather stations called AMeDAS. Using those observations, a multi-sensor precipitation nowcasting product is composed: First, radar echo intensity is converted to precipitation rate using the Z-R relationship Z 200R 1.6 . Then, the estimated precipitation rate is averaged over eight observations during one hour to produce an estimate of one-hour precipitation amount. Finally, the estimated amounts are calibrated using ground-based raingauges to provide one-hour precipitation amount distribution all over Japan and surrounding area (gray area in Fig. 1 ) with 2.5 km resolution (cf., Makihara 2000) . This nowcasting product is called "radarAMeDAS precipitation analysis", whose grid point val-47 Fig. 3 . Cost function of precipitation observation derived from exponential distribution (described in the text as formula (3)) in the case of y=1. 
Results
The precipitation forecasts were evaluated with threat scores and bias scores. The threat score is the number of correct forecasts of event-occurrence divided by the number of forecasts where the specified event is forecasted or observed. It takes a value between zero and one and indicates the accuracy of the forecast (the larger value means the better forecast). The bias score is the number of forecasts of event-occurrence divided by the number of cases where the event is observed. When the probability of the event in the forecast is the same as in the observation, the score becomes unity. The value larger than unity means that the forecast makes an over-estimate of event-occurrence, and vice versa. Figure 4 shows scores of precipitation forecast over 1 mm per 3-hour and 10 mm per 3-hour with and without precipitation data assimilated. Assimilation of precipitation amount improves the forecasts throughout the 18-hour forecast time for both weak rain and moderate rain. The bias scores show that a spin-up problem of model precipitation was ameliorated by the assimilation of precipitation data.
Concluding remarks
With the implementation of Meso 4D-Var, the impact of the assimilation of precipitation amount was evaluated in the operational setting. The result shows that the assimilation of the precipitation amount improved the precipitation forecast throughout the 18-hour forecast time. It also shows that the spin-up problem of model precipitation was ameliorated by the precipitation assimilation.
There is an argument against the precipitation cost function (4) that it has no parameter to describe observation quality. Though the cost function works well in the current system, it may cause a problem when precipitation data from different data sources (e.g., radar, SSM/I, TMI, etc.) are treated. A method to incorporate observation quality in the cost function needs to be investigated. One practical solution might be that cost value of observational data from each data source is weighted according to the observation quality.
While the assimilation of precipitation data is very effective to improve the forecast, it is sometimes difficult to reproduce well precipitation in the analysis field when all model levels are unsaturated (e.g., the precipitation process is switched off). The variational method cannot make the switch "on" because it can only make a continuous modification of the atmospheric state, not a discontinuous on/off change. That means that the background moisture field needs to be sufficiently accurate in order that the precipitation assimilation works effectively. Remote-sensing observations such as the ground-based GPS and satellite microwave imagers are expected to provide useful information about the moisture field (Nakamura et al. 2004; Koizumi and Sato 2004; .
Meso 4D-Var has no adjoint code for ArakawaShubert scheme that is implemented to the forward model. Without the adjoint codes of cumulus parameterization, it might be able to avoid non-linearity problems of cumulus parameterization (Fillion and Belair 2004) . However, the lack of cumulus parameterization in the adjoint model might cause problems in assimilating highly convective precipitation systems. Further investigation for each precipitation system will be necessary.
